Electroconvulsive therapy (ECT) is one of the most effective treatments for major depression disorder (MDD). ECT can induce neurogenesis and synaptogenesis in hippocampus, which contains distinct subfields, e.g., the cornu ammonis (CA) subfields, a granule cell layer (GCL), a molecular layer (ML), and the subiculum. It is unclear which subfields are affected by ECT and whether we predict the future treatment response to ECT by using volumetric information of hippocampal subfields at baseline? In this study, 24 patients with severe MDD received the ECT and their structural brain images were acquired with magnetic resonance imaging before and after ECT. A state-of-the-art hippocampal segmentation algorithm from Freesurfer 6.0 was used. We found that ECT induced volume increases in CA subfields, GCL, ML and subiculum. We applied a machine learning algorithm to the hippocampal subfield volumes at baseline and were able to predict the change in depressive symptoms (r = 0.81; within remitters, r = 0.93). Receiver operating characteristic analysis also showed robust prediction of remission with an area under the curve of 0.90. Our findings provide evidence for particular hippocampal subfields having specific roles in the response to ECT. We also provide an analytic approach for generating predictions about clinical outcomes for ECT in MDD.
. Although several pharmaceutical treatment options are available to patients with MDD, electroconvulsive therapy (ECT) is considered as the most effective treatment for severe MDD 3, 4 . The traditional ECT was modified to be administered during anesthesia (modified ECT), in order to reduce patients' discomfort during the procedure. However, due to the historical stigma, associated cognitive impairments, and financial burdens, ECT remains a challenging therapeutic option to consider for patients and clinicians.
Recent research employing machine learning and magnetic resonance imaging (MRI) may help the patients and psychiatrists to achieve more informed decisions regarding ECT as a therapeutic option 5, 6 . These studies used machine learning algorithms to identify the patients that were most likely to benefit from ECT at an individual level. The algorithms also helped to discover the biomarkers in the brain that were predictive of ECT treatment response.
One of the biomarkers that have been associated with ECT is hippocampal volume. The hippocampus is a site of active neurogenesis and neuroplasticity and ECT may induce neurogenesis, synaptogenesis, and glial proliferation [7] [8] [9] . Hippocampal volumes were reported to increase after ECT [10] [11] [12] . However, hippocampus is not a uniform brain structure and contains several subfields with distinct anatomical and functional features, such as the cornu ammonis (CA) subfields CA1-4, the dentate gyrus that contains a granule cell layer (GCL) and a molecular layer (ML), and the adjacent subiculum and presubiculum 13 . Previous findings indicated that different mental disorders might involve different mechanisms within hippocampus during the progression of the illness [14] [15] [16] [17] [18] [19] [20] . However, subfields that are involved in the cortical connections, mediating connections within the hippocampus and neurogenesis were considered sensitive to the mood disorder episodes, especially the manic episode, such as CA2/3, CA4, GCL, ML and subiculum 15 . These subfields might in turn be responsive to the seizure-induced neuronal changes due to ECT. A previous study showed that volumetric increase in bilateral CA2/3 and right hippocampal subfields might be specifically associated with ECT 21 . A recent hippocampal segmentation method could provide more accurate estimation of hippocampal subfield volumes than prior methods 14, [21] [22] [23] . However, it remains unclear which hippocampal subfields were reliably affected by ECT and whether subfield volumes at baseline could be predictive of ECT treatment response.
In the current study, we aimed to investigate the volumetric changes of hippocampal subfields in patients with MDD who received ECT using a state-of-the-art hippocampal segmentation approach. We hypothesized that ECT would induce volume increases in CA2/3, CA4, GCL, ML and subiculum. We also aimed to predict the treatment response to ECT by using machine learning and hippocampal subfield volumes at baseline, the success of which will help us make personalized clinical suggestions for patients who are suffering from MDD and may potentially benefit from ECT.
Results
Demographics. Twenty-four severe MDD inpatients (14 females and 10 males, aged 31.3 ± 10.8) were recruited. Fifteen healthy subjects (10 females and 5 males, aged 33.1 ± 10.0) were recruited as healthy controls (HC). There was no significant difference in age or gender between patients with MDD and HC (p > 0.05; Table 1 ). HC had significantly higher education compared to patients (F 1,37 = 17.937, p < 0.0001). Patients with MDD had an average of HAM-D total scores as high as 31.3, which was significantly different from that of HC (F 1,31 = 544.505, p < 0.0001; one HC had missing HAM-D scores).
Efficacy of ECT.
The average reduction of HAM-D scores after ECT was significant (22.75 ± 7.18; t = 15.517; p < 0.001). Twenty-two MDD patients (91.7%) showed significant improvement (more than 50% decrease of HAM-D scores) after receiving ECT. Twelve patients (50%) were considered to be in remission, as their HAM-D scores were equal or less than 7. Age, gender, education and HAM-D were not different between the remitters and non-remitters of ECT (all p > 0.05).
Results of group-level analyses at baseline. The hippocampal subfields were labeled with a novel segmentation algorithm (Fig. 1) 
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. No volume difference was observed in any of the hippocampal subfields between MDD and HC at baseline. Post-hoc analysis found significantly lower volumes in right CA1, CA3, CA4, GCL and ML of the remitters than the non-remitters, while only right CA3 survived the Bonferroni correction (Fig. 2 ).
Results of group-level analyses in MDD before and after ECT. We found significant effect of ECT on hippocampal subfield volumes with repeated-measurement ANOVA (p = 0.001). In the post-hoc pair t-tests, we found significant volume increases in CA1, CA3, CA4, GCL, ML and Sub in both sides of hippocampus, as well as whole volume increases of both left and right hippocampus (all uncorrected p-values < 0.05), although only left CA3, CA4, GCL, Sub, and right CA4 and GCL were significant after the Bonferroni correction. Post-hoc analysis found the significant increases of volumes in bilateral GCL and right CA3, CA4, ML and Sub of the remitters (Fig. 3) . Table 1 . Demographic information of the subjects. 
Results of predicting ECT responses using hippocampal subfield volumes and machine learning.
We could successfully predict the outcome of ECT for each patient by using hippocampal subfield volumes and the machine learning algorithm, which was not possible by using only the whole hippocampal volumes. The correlation coefficient between the actual HAM-D change and the predicted HAM-D change was 0.81 (p < 0.0001; The ROC analysis showed that the predicted depression symptom generated from our model could accurately predict the remitters with an area under the ROC curve (AUC) of 0.90. The sensitivity to predict the remitters was 91.7% and specificity was 75% (overall accuracy 83.3%). 
Discussion
Our findings of ECT-induced volume increases in several hippocampal subfields, such as CA1, CA3, CA4, ML and Sub, especially bilateral GCL and right CA3, CA4, ML and Sub in the remitters, are consistent with previous studies that found volume increases of the gray matter and shape changes 6, 11, 12, 21 , but provided more specific information of the locations affected by ECT than these prior studies. With the help of a machine learning algorithm, the hippocampal subfield volumes at baseline could also make it possible for us to accurately predict whether a patient could achieve remission after ECT and the degree of alleviation of depressive symptoms by ECT for each patient. The performance of the algorithm was comparable to recent studies using machine learning with whole brain gray matter and connectivity as predictors 5, 6 . Along with these efforts on individual prediction of ECT outcome, our findings show that focused strategies involving hippocampal subfields using machine learning may help psychiatrists and patients in a more personalized clinical decision making process regarding ECT for treating MDD.
The result of increased volumes of the GCL in the dentate gyrus is consistent with the neurogenesis hypothesis of ECT effect. The GCL is associated with functional neurogenesis during brain development and adulthood 24 . Reduced neurogenesis is linked with stress and mood disorders 25 , and can be recovered by certain interventions, such as antidepressant treatments [26] [27] [28] . The response to the antidepressant treatments might be disrupted without neurogenesis in GCL 29 . Animal studies showed that electroconvulsive shocks could induce increased neurogenesis of granule cells in the dentate gyrus 30, 31 . Our study provides further imaging evidence in vivo in human brain that the layer of granule cells increased in volume after ECT.
The volume increase of other subfields, such as CA3, CA4, ML and subiculum may support the possible synaptogenesis induced by ECT, as these subfields involve intensive synaptic connections to the cortex and to other subfields within the hippocampus and are affected by mood disorders 15, 32, 33 . The synaptogenesis might be partly due to the neurogenesis in the dentate gyrus that lead to new synaptic connections from the newborn neurons, as well as due to local synaptic remodeling in these subfields, especially in CA3 34, 35 . These findings are in line with increased functional connectivity of hippocampus after ECT as observed in other studies 21, 36 . The finding that we could predict responses to ECT in MDD using hippocampal subfield volumes confirmed the rich information provided by these volumes. The prediction was not possible if we used only the whole hippocampal volumes, or if the hippocampal segmentation was not reliable. One study reported that smaller whole hippocampal volume might be related to better outcome of ECT 11 . Our results showed that lower volumes of specific subfields, such as CA3, CA4, GCL, ML and subiculum were associated with better outcomes of ECT. Further investigations on the relationship between the hippocampal subfield volumes and neuro-or synapto-genesis or other biological markers will be necessary to explain why smaller subfield volumes were associate with better outcomes of ECT 37 (see also an amygdala study 38 ). Nevertheless, it was surprising though that by using hippocampal subfield volumes alone we could reach an accuracy of individual predictions that were comparable to studies using the whole brain gray matter and functional connectivity 5, 6 . The high accuracy could possibly be attributed to the new, refined segmentation method of hippocampal subfields, which might provide better subfield estimation 14, 15, [21] [22] [23] . Several limitations should be taken into account when the findings of our study were interpreted. Although our sample size was comparable to several studies in the literature, the findings would be buttressed by replication in larger sample studies. On the other hand, the Bonferroni correction we used in the statistical analysis might over-correct the results, which could be overcome by other correction methods when the sample size is large enough 39, 40 . We also did not have controls without MDD who went through interventions comparable to ECT. Even though the cross-validation and SVR algorithm might help to prevent overfitting and provide generalization of methods and findings, further validation on larger and independent samples, preferably from multiple centers 41 , such as the Global ECT-MRI Research Collaboration (GEMRIC) 42 , will be necessary. The sample size of the current study also limited the possibility to fully explore the best features and algorithm with sufficient validations and to optimize for different populations (e.g., sex, stage) over lifespan [43] [44] [45] [46] [47] [48] . Although the cross-validation procedure confirmed that the novel segmentation method of hippocampal subfields was reliable, further validation of the anatomical accuracy using in vitro brain tissues and manual tracing on a large sample might still be necessary. Due to the referral system during the recruitment of the inpatients, we could not fully control for any medication effects from prior treatment, and we did not have a third MRI scan that was at least six months after ECT sessions ended compared to some prior studies, although we provided insights regarding the internal regions within the hippocampus that these studies hoped to address 10, 12 .
Conclusion
In the current study, we found that ECT induced volume increase in CA2/3, CA4, GCL, ML and subiculum using a state-of-the-art hippocampal segmentation approach. We accurately predicted the quantitative efficacy of ECT for each patient and whether a patient could achieve remission after ECT by using machine learning and hippocampal subfield volumes at baseline. Our findings provide refined anatomic specificity within the hippocampus as the basis of treatment response to ECT, which may lead to the development of novel pharmacological and neurostimulation treatments, as well as focused targets for future investigations of the cellular and molecular mechanisms of ECT. We also provide a practical approach for informing personalized clinical decision making regarding ECT as a treatment for MDD and predictors of expected clinical outcome employing neuroimaging measures of hippocampal subfields and machine learning approaches. This approach may be generalized to predictions of ECT outcomes in other neurological disorders.
Materials and Methods
Participants. Patients with MDD were recruited from inpatient units at the Mental Health Center, the First Affiliated Hospital of Chongqing Medical University. Healthy subjects were recruited through the local community as controls (HC). All patients met Diagnostic and Statistical Manual (DSM)-IV criteria for MDD 49 and were in a unipolar depressive episode. Diagnoses and structured clinical interviews for DSM-IV were performed by three professional psychiatrists (Q.L., Y.F. and T.Q.). The 24-item Hamilton Depression (HAM-D) Rating Scale was used to assess severity of the symptoms 50, 51 , and was evaluated by three professional psychiatrists (Q.L., Y.F. and T.Q.). A total HAM-D score of equal or less than 7 was considered as remission. All the patients were under severe depression and were actively seeking effective treatment. ECT was referred by each patient's psychiatrist. Every patient underwent a physical examination, a blood test, electroencephalogram, electrocardiogram, and an X-ray exam before ECT. The subjects had not received antipsychotics, antidepressants, mood stabilizers for at least one month. Additional inclusion criteria for the patients included: 1) agreement to take ECT from both the patients and their direct relatives; 2) age from 16 to 60; 3) HAM-D total scores greater or equal to 21 and showing severe symptoms, such as stupor, refusal to take food, self-harming or suicidal behaviors; 4) having no previous or contraindication to ECT treatments. Exclusion criteria for all subjects were: 1) contraindication to MRI scanning; 2) neurological disorders; 3) severe somatic disease; 4) substance abuse; 5) pregnancy; 6) lactation; or 7) depression caused by or combined with somatic disease and other psychiatric disorders. HC must have no self or family history of any psychiatric disorder. All patients and controls were Han Chinese and right-handed. Other demographic information including gender, age and educational level was also collected. This study was approved by the local Institutional Review Board of the Chongqing Medical University in agreement with the Declaration of Helsinki. All research was performed in accordance with relevant guidelines and regulations. All patients and HC signed the written informed consent before participating the study.
Modified Electroconvulsive Therapy.
All patients received eight sessions of modified ECT 52 within a three-week period: three times per week (Monday, Wednesday, and Friday mornings) for two weeks, and another two times (Monday and Friday mornings) for the third week. The patients were restricted from water and food intake from the midnight before ECT. The patients received MRI scanning and HAM-D rating on the day before the first ECT (pre-ECT or baseline) and the day after the eighth ECT (post-ECT). During the three-week period of ECT, patients did not use any antidepressants or antipsychotics.
ECT was conducted using a Thymatron DGx (Somatics LLC, Lake Bluff, IL) at the Mental Health Center, the First Affiliated Hospital of Chongqing Medical University. The d'Elia placement was used for the standard bitemporal placement of electrodes or bilateral ECT. The initial dosage was selected based on sex, age, weight, and height, and the stimulus intensity was individually adjusted by the seizure response and adverse effects during ECT. Seizure threshold was measured at the first ECT session, which was defined as the smallest electrical dose of producing a seizure of at least 25 seconds on the electroencephalogram 53 . The electrical dosage was set at 1.5-2 times seizure threshold in consecutive ECT sessions according to the extent of seizure 54 . Anesthesia was induced with intravenous atropine (0.5 mg), propofol (1.5-3 mg/kg) and succinylcholine (0.8-2.0 mg/kg). Vital signs were monitored and continuous oxygen inhalation was maintained.
MRI data acquisition and preprocessing. All MRI scans were performed using a 3 T MRI scanner (Sigma, GE Medical Systems, Waukesha, WI) using a circular polarized birdcage head coil. 3-D T1-weighted images were acquired sagittally using the spoiled gradient recall (SPGR) sequence with the following parameters: echo time = 3.27 ms; repetition time = 8.35 ms; flip angle = 12°; field of view = 240 mm; image matrix = 512 × 512; slice thickness = 1 mm; voxel size = 0.47 × 0.47 × 1 mm 3 ; number of slices = 156. The total acquisition time was about 7 min. The subjects were instructed to keep still and no apparent head motion was detected during the scan. The HC were only scanned once at the baseline.
Subcortical reconstruction and segmentation were conducted using the FreeSurfer software (version 5.3.0; http://surfer.nmr.mgh.harvard.edu). The procedure included intensity normalization, automated topology corrections and automatic segmentations of cortical and subcortical regions, which is documented elsewhere [55] [56] [57] . A novel automated algorithm that was included in FreeSurfer was used to segment the hippocampal subfields. The hippocampal subfield atlas was derived from high resolution (0. medial temporal tissue from a 7-T scanner (Fig. 1) 22 . The algorithm was demonstrated to be more accurate than the previous method 58 and was able to identify granule cell layer (GCL) within the dentate gyrus, the molecular layer (ML) within the subiculum and the CA subfields, as well as the hippocampal tail (Tail; the posterior end of the hippocampus). The algorithm could also provide a better estimation of CA subfield volumes 14 . We included eight hippocampal subfields in the current study: CA1, CA2 and CA3 (noted as CA3 due to the indistinguishable MR contrast between CA2 and CA3), CA4, GCL, ML, presubiculum (Presub), subiculum (Sub) and the Tail.
We used a two-step quality control protocol, similar to the ENIGMA protocol (http://enigma.ini.usc.edu/) 15, [59] [60] [61] . Each segmented image, overlaid on the corresponding brain structural image, was visually inspected by one of the authors (BC), in order to exclude segmentations with poor registration to the hippocampus location or with apparent wrong assignment of the subfields. Any apparent outlier (five standard deviations) of any hippocampal subfield volume was also excluded. A strict five standard deviation threshold was used to directly exclude any subject due to the substantial individual differences in the hippocampal subfields. We did not exclude any image, because we did not find bad segmentation of hippocampal subfields with the novel algorithm or find any apparent outlier of the subfield volumes.
Statistical Analyses. Statistical analyses were performed using SPSS (Version 24.0; IBM Corp., Armonk, NY). The efficacy of ECT was evaluated with the average reduction of HAM-D scores, as well as the proportions of patients who had more than 50% decrease of HAM-D scores and whose HAM-D scores became equal or less than 7 after ECT. The patients with HAM-D scores equal or less than 7 after ECT were considered as remitters. For each hippocampal subfield, we used a general linear model (GLM) to investigate the effect of diagnosis. For the MDD group, only the hippocampal subfield volumes before ECT were used. Diagnosis group (HC and MDD) was the independent variable, while the whole hippocampal volume and the hippocampal subfield volumes were the dependent variables. We used age, gender, education and the intracranial volume (ICV) as covariates. Post-hoc analysis was also performed between HC, MDD remitters and MDD non-remitters for each hippocampal subfield. The Bonferroni correction was used for the 18 comparisons (16 subfields plus two whole hippocampal volumes).
To investigate the effect of ECT in patients with MDD, we performed a repeated-measurement ANOVA of all hippocampal subfield volumes before and after ECT (ECT treatment and subfields were all within-subject variables). A post-hoc paired t-test for each hippocampal subfield using the pre-ECT and post-ECT volumes of all MDD patients, as well as remitters and non-remitters. The Bonferroni correction was used for the 18 comparisons for each analysis.
In order to investigate the relationship between the hippocampal subfields and the depressive severity at baseline, we performed correlation analyses between the pre-ECT hippocampal subfield volumes and pre-ECT HAM-D scores, as well as the change of HAM-D scores (pre-ECT minus post-ECT). We also performed correlation analyses between the change of hippocampal subfield volumes and the change of HAM-D scores to investigate the relationship between the hippocampal subfield changes and the depressive severity changes due to ECT. We considered p-values < 0.0028 (0.05/18) significant, and the raw p-values were reported.
Predicting ECT responses using hippocampal subfield volumes and machine learning. The major focus of the present study was to investigate whether hippocampal subfield volumes at baseline could predict the future outcome of ECT at an individual level. The outcome of ECT could be measured by the change of HAM-D total scores. A positive outcome should be indicated as a significant decrease of the HAM-D total score from the HAM-D score at baseline.
We used the linear kernel support vector regression (SVR) to predict the HAM-D change of each patient using the hippocampal subfield volumes. The volume of each subfield was normalized to the normal distribution (individual volumes subtracted the mean and then divided by the standard deviation of each subfield of all the subjects) before being used as the input feature to SVR. We used the default settings in the "sklearn" package of python. Leave-one-out cross-validation (LOOCV) was used, where one subject was left out iteratively as the testing target and the rest of the sample was used to train the SVR. Within the training during cross-validation, a linear SVR was used to estimate the weight of the features for the patient identification model and the features were ranked based on their weights. An internal LOOCV was used to determine the number of features that should be used for the predicting model by calculating the accuracy of the top N features and selecting the N that generated the best accuracy (N ranged from 1 to 16). The resultant model was then used to predict the HAM-D change of the testing patient. The performance of the algorithm was evaluated using the Pearson's correlation of the actual HAM-D changes and the predicted HAM-D changes.
Based on the predicted HAM-D changes and the actual category of remission, we calculated the accuracy of predicted remitters and performed a receiver operating characteristic (ROC) analysis to evaluate the accuracy of our predictions with respect to remission.
